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Accurate prediction of buckling loads in composite structures is
essential, as their anisotropic and inhomogeneous properties complicate
structural analysis. However, traditional predictive models often face
limitations such as the inclusion of statistically insignificant polynomial
terms in Response Surface Methodology (RSM) and poor learning
performance in Artificial Neural Networks (ANN) due to unprocessed
and limited data sizes. This study aimed to develop and evaluate
predictive models for the buckling load of hybrid graphite/glass epoxy
composite laminates using different data sizes. Two datasets were
employed, comprising 27 runs generated through a Full Factorial Design
(FFD) under the Design of Experiment (DOE) approach and 100
customised experimental runs. Two modelling approaches, RSM and
ANN, were employed to predict the buckling load obtained from finite
element analysis (FEA). The overall range of computed buckling loads
was wide, spanning from 3.627 kN to 1730.8 kN, confirming the strong
sensitivity of the structure to the design variables. The highest buckling
loads occurred at [45, 1, 3 mm] (angle, volume fraction, thickness), and
for hybrid laminates at [45, 0.5, 3 mm]. The RSM predictions produced
ratios close to one when compared with FEA results, while the ANN
models showed both underprediction and overprediction tendencies.
The t-test results indicated no statistically significant difference between
the 27 and 100 experimental runs, suggesting that model accuracy was
influenced more by modelling approach and data treatment than dataset
size. This study may contribute to enhancing knowledge of the buckling
behaviour and failure of hybrid graphite/glass composite structures,
which will help engineers design safer structures by reducing the risk of
buckling.
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INTRODUCTION

Composite materials are engineered by combining two or more distinct constituents to create a structure
with improved overall performance (Hsissou et al., 2021). They are widely used in aerospace, marine, and
automotive applications because of their high strength-to-weight ratio, corrosion resistance, and stiffness
(Long et al., 2022). Hybrid composite laminates are formed by stacking different fibre types within a
common matrix to balance performance and cost (Suriani et al., 2021). According to Rajak et al. (2021),
layering carbon and glass fibres enhances mechanical properties by combining the high strength and
stiffness of carbon fibres with the flexibility and impact resistance of glass fibres, resulting in improved
structural performance and durability.

The hybridisation of graphite and glass fibres is mainly motivated by cost considerations. Graphite
prepregs, priced between $33 and $66 per kilogram, are significantly more expensive than glass prepregs,
which cost between $1.3 to $2 per kilogram (Barnett et al., 2024; Joshi et al., 2004). To ensure that replacing
expensive graphite fibres with glass does not compromise structural integrity, analytical and numerical
studies are required to predict mechanical behaviour and optimise the lay -up for cost-effective performance.

Buckling is a critical failure mode in composite laminates and strongly influences the design of
aerospace structures subjected to compressive loads (Goel et al., 2021). Buckling occurs when compressive
stresses exceed the structural stiffness, causing sudden out-of-plane deformation. Fig 1 demonstrates the
buckling behaviour that can be observed in aircraft fuselage panels subjected to compression forces, where
visible surface ripples appear along the body. Numerous studies have been devoted to understanding and
improving the buckling resistance of hybrid composite laminates.

Compression B-52H aircraft
fuselage buckle

Fig. 1. Buckling behaviour of aircraft body under compression loads (Leishman, 2023).

The dominant approach in buckling analysis of hybrid composite laminates has been Finite Element
Analysis (FEA), as demonstrated by Ho-Huu et al. (2016), Kumar et al. (2018), and Achour et al. (2018),
who investigated the influence of fibre orientation, stiffener design, plate geometry, and cut-outs on the
critical buckling loads. These studies confirmed the flexibility and effectiveness of FEA but also
highlighted its reliance on idealised boundary conditions, which may limit its applicability to real structural
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behaviour. Commercial FEA software such as ANSY'S (ANSYS, Inc.) provides built-in eigenvalue analysis
tools that enable efficient evaluation of complex composite structures. However, FEA models must be
validated to ensure accurate physical representation. Studies by Zhang et al. (2025) and Gopalan et al.
(2021) validated FEA models through numerical, analytical, and experimental comparisons, improving
simulation credibility. Bakamal et al. (2021b) found that carbon nanotube reinforcement enhanced buckling
strength and reduced deformation, while Xiao & Harrison (2021) demonstrated that fibre steering increased
buckling loads in variable-stiffness laminates. Similarly, Damghani et al. (2021, 2022) highlighted the
effects of hybridisation and geometric discontinuities, showing that matrix shear damage mechanisms delay
structural failure.

The commonly employed statistical design, optimisation, and predictive models are the Response
Surface Methodology (RSM) and Attificial Neural Network (ANN) (Szpisjak-Gulyas et al., 2023; Mamun
et al., 2020). Optimisation techniques have been widely employed to improve the design of composite
laminates. Wang et al. (2019) demonstrated that Discrete Material Optimisation (DMO) effectively
optimised stacking sequences and material topology but remained computationally demanding and
sensitive to modelling assumptions. Therefore, RSM has emerged as a more practical tool for multi-factor
optimisation (Alam et al., 2020). RSM requires the selection of an appropriate statistical design and
regression model within a Design of Experiment (DOE) framework (Malekjani & Jafari, 2020), which helps
to identify how design factors influence the overall response (Lee et al., 2022).

ANNS s have proven effective in pattern recognition and nonlinear data prediction, making them suitable
for composite material analysis (Yang et al., 2021). ANN consists of input, hidden, and output neurons
connected through weighted links (Thakur & Konde, 2021). The performance of neural networks is
influenced by factors such as architecture, training algorithm, and the number of layers (Sarker, 2021).
Multilayer Perceptron (MLP) architectures trained with the Levenberg—Marquardt algorithm have been
widely used in engineering prediction models (Hemmat et al., 2023; Aghelpour et al., 2022; Can et al.,
2022). Kamarudin et al. (2022) and Liu et al. (2023) combined DOE, ANN, and genetic algorithms,
showing that advanced modelling techniques can improve prediction accuracy depending on the quality
and scope of the training database.

Best practice in predictive modelling combines experimental and numerical approaches to validate
results, ensuring accuracy across a wide range of influencing factors. Advanced modelling methods are
valuable for capturing the nonlinear behaviour of hybrid laminates. However, experimental methods often
struggle to represent the complex relationships among numerous design variables (Reji & Kumar, 2022).

Despite significant progress, research gaps remain in predictive modelling for composite laminates.
Limited studies have addressed the effects of data normalisation in ANN and the use of modified
polynomial regression functions in RSM, particularly when working with small datasets. The predictive
performance of these models is largely affected by their structural formulation and the quality of the dataset
(Fan et al., 2021). Furthermore, the combined influence of fibre angle, volume fraction, and plate thickness
on the buckling behaviour of hybrid laminates has not been extensively studied.

In terms of the number of input datasets, typical ANN studies utilised thousands of input datasets for
network training. Recently, many studies attempted integrating RSM-ANN, where the input datasets for
network training were based on the standard 17 runs (input datasets) for RSM-Box Behnken Design model
(Okpalaeke et al., 2020; Sibiya et al. 2022; Zhang et al., 2020) and the standard 27 runs (input datasets)
RSM-Full Factorial Design model (Ponticelli et al., 2024; Shokri et al., 2020; Saha et al., 2024) or RSM-
Central Composite Design model (Santhosh et al., 2021; Silva et al., 2024; Oza et al., 2022) for analysing
three factors and three levels cases. The recent outcomes from these studies prove that when integrating
RSM and ANN, smaller input datasets could also produce predictive models with reasonable accuracy, thus
reducing the dependency on doing experiments with thousands of specimens or performing simulations
with thousands of FEA models. For this, this finding could save cost and time from the need to collect
massive input data, either from conducting experiments and performing simulations.
https://doi.org/10.24191/jmeche.v23i1.9426
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To address the above-mentioned challenges and discussed research gaps regarding predictive
modelling for composite laminates, this study aims to develop and evaluate predictive models for the
buckling load of hybrid graphite/glass epoxy composite laminates using FEA and refined RSM and ANN
models with different data sizes. The study applies model refinement in RSM and a data normalisation
approach in ANN to enhance prediction accuracy. Additionally, it seeks to improve the understanding of
how the combined effects of fibre orientation, volume fraction, and plate thickness influence the buckling
behaviour of hybrid composite laminates.

While earlier studies demonstrated that RSM-ANN integration can work with small datasets, the
present study extends this understanding in three keyways. Unlike previous RSM-ANN studies that used
standard quadratic models, this work employs a refined fifth order RSM formulation with insignificant
terms removed based on statistical screening. This refinement improves prediction stability for nonlinear
buckling behaviour while avoiding over-parameterisation. The ANN in this study applies min-max data
normalisation before training. This treatment reduces scale imbalance among the inputs and enhances
convergence, which is not fully explored in earlier composite-buckling ANN studies. Another contribution
of this work is the direct comparison between 27 and 100 experimental runs, supported by independent t-
tests. This analysis quantitatively shows how dataset size influences the performance of refined RSM and
normalised ANN models, which has not been reported in previous hybrid RSM-ANN applications.
Together, these refinements provide new insight into how small, statistically designed datasets can still
produce accurate buckling predictions when combined with appropriate data treatment and model
reduction. The results also establish that increasing the dataset size beyond statistically designed levels does
not significantly improve mean prediction accuracy, offering practical guidance for reducing computational
and experimental workload.

METHODOLOGY

In this study, FEA was conducted to determine the buckling load of hybrid graphite/glass epoxy composite
laminates using ANSYS Mechanical APDL (Version 16.0, 2014, SAS IP, Inc.). The simulations were
designed using a Full Factorial Design (FFD) within the DOE framework. Data obtained from FEA was
used to develop predictive models using RSM in Design-Expert Software (Version 22.0.6, Stat-Ease, Inc.)
and ANN in MATLAB (Version R2017b, The MathWorks, Inc.). The RSM and ANN results were then
compared with FEA outputs, followed by a t-test to confirm statistical consistency.

Mesh convergence analysis and FE model validation

The mesh convergence analysis and numerical validation were performed using a reference model from
Phan & Reddy (1985). The analysis employed the Shell 281 element type with mesh sizes ranging from 2
x 2t0 100 x 100. A square plate model with dimensions of ¢ =1 m and 72 =0.1 m, and a lamination sequence
of [0, 90, 90, 0] was used. Table 1 shows idealised properties for the validation model, created by varying
the orthotropy ratio. A simply supported boundary condition (Fig 2(a)) and a 1000 N/m uniaxial
compressive load along the x-axis (Fig (2b)) were applied. The mesh convergence results were evaluated
using the non-dimensional buckling load derived from Equation 1, where the eigenvalue was obtained
directly from the simulation. The FEA model validation used the same geometry, material properties,
boundary conditions, and loading as in the mesh convergence analysis, but the mesh size was adjusted to
20 x 20, matching Phan & Reddy (1985). Validation employed the non-dimensional buckling load derived
from Equation 1, with the eigenvalue obtained directly from the simulation.
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Table 1. Material properties according to orthotropy

E\/E, 3 10 20 30 40

E, 40 GPa 40 GPa 40 GPa 40 GPa 40 GPa
E, 13.3 GPa 4 GPa 2 GPa 1.33 GPa 1 GPa
G1,=Gy3 8 GPa 2.4 GPa 1.2 GPa 800 MPa 600 MPa
Gos3 6.67 GPa 2 GPa 1 GPa 667 MPa 500 MPa

Source: (Phan & Reddy, 1985)
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Fig. 2. Schematic diagram for (a) simply supported boundary condition and (b) loading condition with plate dimensions.

Key factors influencing the buckling behaviour of hybrid composites

Two case studies were developed using a DOE approach to examine the influence of key factors on the
buckling behaviour of hybrid composites. The first case study employed a three-level FFD consisting of 27
experimental runs, representing all combinations of the three input factors. The second case study increased
the number of experimental runs by adding intermediate factor levels between the original three levels,
resulting in five levels for each factor. The design was based on a Box—Behnken Design (BBD), and this
approach produced almost 100 datasets for simulation. Among these runs, 20 repeated runs were included
as centre-point designs to provide balanced coverage of the factor space and support regression analysis.
The selected factors were volume fraction (0, 0.5, and 1), angle of orientation (0° to 45°), and plate thickness
(0.0005 m to 0.003 m). The angle of orientation was applied to the fibre direction of both glass/epoxy and
graphite/epoxy layers, since all layers in the hybrid laminate were given the same orientation. The volume
fractions ‘0°, ‘0.5, and ‘1’ correspond to 100% glass/epoxy laminate, 50% glass/epoxy and 50%
graphite/epoxy laminate, and 100% graphite/epoxy laminate, respectively. The detailed factor settings are
presented in Table 2.

Table 2. Design factors set up

Factor Unit Low High
Angle of Orientation o 0 45
Volume Fraction unitless 0 1
Plate Thickness m 0.0005 0.003
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Determination of the buckling load of hybrid composites using FEA

The buckling load of hybrid graphite/glass epoxy composite laminates is determined through FEA
simulation. A square plate model with dimensions of 0.05 m x 0.05 m and a lamination sequence of
[0/+6/—06/90]s was used for the FEA simulation, as illustrated in Fig 3. Within ANSYS, graphite was
assigned as material | and glass as material 2. The analysis employed the Shell 281 element type, and the
material properties used are listed in Table 3, showing the actual properties of graphite epoxy and glass
epoxy for the current FE model. A 20 x 20 mesh size was selected based on the mesh convergence analysis.
The boundary and loading conditions followed those shown in Fig 2. A linear buckling analysis was
conducted, considering only the first mode shape, which represents the lowest critical buckling load.

Layer# Material#

Theta

23

Fig. 3. Layer sequence of [0/+0 /-0 /90]s for current study on hybrid composite laminates.

Table 3. Material properties for graphite epoxy and glass epoxy (Dogan, 2020)

Properties Graphite Epoxy Glass Epoxy
E, 132.38 GPa 44.93 GPa
E,=E; 10.76 GPa 14.04 GPa
Vi2=Vi3=Vy 0.25 0.2481
G1,=Gy3 5.56 GPa 5.26 GPa
Gy 3.38 GPa 5.10 GPa
Density 1605 kg/m? 2081 kg/m?

Prediction of the buckling load based on RSM and ANN

Two modelling approaches, RSM and ANN, were employed to predict the buckling load obtained from
FEA. The RSM models were developed using modified regression functions by removing terms with a p-
value higher than 0.05 from the fifth-order polynomial structure. The initial statistical polynomial model
was fifth order, but ANOVA (RSM) indicated that some terms were insignificant and should be removed.
This led to a simpler equation with better predictive accuracy that resulted in the modified regression

https://doi.org/10.24191/jmeche.v23i1.9426
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functions. Based on the Design of Experiment (DOE) data, two RSM models were created using ANOVA.
The first model, RSM-27, was developed from the DOE containing 27 experimental runs. The second
model, RSM-100, was generated using 100 experimental runs and applied the same regression function as
RSM-27 for direct comparison.

The ANN models were developed using normalised datasets, where all input factors (angle of
orientation, volume fraction, and plate thickness) and the output buckling load were scaled to a range
between 0 and 1. The normalisation was performed using the min-max method, as shown in Equation 2,
where the original data value x'was transformed into the normalised value x;using the minimum and
maximum values of each feature (Aksu et al., 2019). The ANN models were developed in MATLAB using
a MLP architecture with three inputs, ten neurons in the hidden layer, and one output as shown in Fig 4.
The models were trained using the Levenberg—Marquardt (LM) algorithm due to its rapid convergence and
stability with medium-sized networks (Revanesh et al., 2024). A tangent sigmoid activation function,
defined in Equation 3, was applied to the input neurons for its effectiveness in regression tasks (Adizue &
Takacs, 2025; Hajduk & Dec, 2023). Two ANN models were developed where ANN-27, based on the DOE
with 27 experimental runs, and ANN-100 with 100 experimental runs.

X; —min
=T @)
max —min
2
X)) =—— 3
f) =1 (3)
INPUTLAYER | | HIDDEN LAYER | OUTPUTLAYER |

Angle Orientation
Buckling Load

Volume Fraction

Plate Thickness

_____________________________

Fig. 4. Multilayer perceptron (MLP) employed in this study.
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RESULTS AND DISCUSSION

Selected mesh size for FEA models

Fig 5 presents the mesh convergence graph for the non-dimensional buckling load at different
orthotropy ratios. The graph shows that as the mesh size increases, the buckling load experiences initial
fluctuations before stabilising at larger mesh sizes. This trend is consistent with the findings of Evran (2020)
and Okereke & Keates (2018). The selected mesh size for the finite element model in the current study is
20 x 20, as higher mesh densities were found to increase computational time without improving accuracy.
This conclusion agrees with Gukop et al. (2021) and Bijjam et al. (2023), who reported that excessive mesh
refinement significantly increases computing time but has minimal impact on stress or buckling accuracy.
Therefore, the minimum mesh of 16 x 16 was found to be sufficient; however, a 20 x 20 mesh was selected
to allow for tolerance, as further increases in mesh density significantly raised computational time. This
choice also followed Phan & Reddy (1985), as the mesh convergence analysis confirmed that their 20 x 20
mesh was fully converged, justifying its use in this study.

150 4
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Fig. 5. Mesh convergence graph on non-dimensional buckling load with deformed shaped of selected mesh.

Buckling load determination and validation

Table 4 presents the comparison of non-dimensional buckling loads between the results from Phan &
Reddy (1985) and the current study. The error between the ANSY'S predictions and the Classical Laminate
Plate Theory (CLPT) values was less than 5%, ranging from 0.001% to 0.23%. The lower buckling loads
predicted by the Higher-Order Shear Deformation Theory (HSDT) reflect its inclusion of shear deformation
effects, which reduce the overall stiffness of the laminate, as reported by Li et al. (2020) and Schilling &
Mittelstedt (2025). These results confirm that the FEA predictions were consistent with the reference
models, validating the accuracy of the developed FEA model.
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Table 4. Comparison results between present and past studies

Orthotropy ratio Method Error (%)
(E1/E2) HSDT (Phan & Reddy, 1985) CLPT (Phan & Reddy, 1985)  Current (ANSYS) IA—B|/A x 100
(A) ®)
3 5.1143 5.7538 5.7647 0.19
10 9.774 11.492 11.4916 0.003
20 15.298 19.712 19.7118 0.001
30 19.957 27.936 28.0012 0.23
40 23.34 36.16 36.1576 0.007

Table 5 presents the FEA results together with the corresponding design factors, where the buckling
load ranged between 3.627 kN and 1730.8 kN. Fig 6 shows the influence of design factors on the buckling
load, where additional data points were interpolated between factor values from the 100 experimental runs.
The results indicate that laminates oriented at 45° tend to exhibit higher buckling loads, which aligns with
the findings of Phan & Reddy (1985), Alhawamdeh et al. (2021), and Rostamijavanani et al. (2021), who
reported that fibres aligned close to 45° distribute in-plane loads more effectively, enhancing stiffness and
buckling resistance. An increase in graphite content was also found to raise the buckling load, consistent
with Bakamal et al. (2021a) and Han & Dong (2024), who observed that laminates with higher graphite
fibre content exhibit superior buckling performance due to an increase in in-plane stiffness. Furthermore,
increasing plate thickness was shown to significantly increase the buckling load, in agreement with
Wankhade & Niyogi (2020), Silva & Meddaikar (2020), and Yang et al. (2022), who demonstrated that
thicker plates possess higher bending stiffness and greater resistance to buckling. Fig 7 illustrates a contour
plot of modes 1-3 for the configuration that produced the highest buckling load, where the mode shapes
represent the buckling deformation patterns and corresponding buckling load factor values after load
application. Overall, the results confirm that fibre orientation, graphite content, and plate thickness strongly
influence the buckling behaviour of hybrid composite laminates.

o 1250 18007 > 1250 4
£ 195 £ 1600- £ 1000
% E 1400 '§ 750 4
jo 1200 1 S _;JD
£ 11751 2 12001 g 500
= 11504 2 1000 S 250
m Jed) m
1125 w w w w 800 : : : : : 0 \ \ \ ‘ :
0 10 20 30 40 0 02 04 06 08 1 05 1 15 2 25 3
Angle of Orientation (°) Volume Fraction Plate Thickness (mm)
(a) (b) (©)

Fig. 6. Influence of design factors on buckling load for (a) angle of orientation, (b) volume fraction and (c) plate
thickness.
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Table 5. Buckling load from ANSY'S for FFD factors setup

Run Angle of orientation (°) Volume fraction Plate thickness (m) FEA-ANSYS (kN)
1 0 1 0.003 1382.2
2 0 0 0.0005 3.627
3 22.5 0.5 0.00175 248.72
4 0 0.5 0.003 11434
5 225 1 0.003 1555.8
6 45 1 0.00175 365.61
7 45 0 0.003 864.33
8 45 1 0.003 1730.8
9 45 0 0.00175 175.47
10 22.5 0.5 0.003 1196.5
11 22.5 0 0.003 811.23
12 0 1 0.0005 7.0333
13 0 0.5 0.00175 237.14
14 225 1 0.0005 7.9143
15 0 0 0.00175 153.89
16 45 1 0.0005 8.7967
17 45 0.5 0.0005 6.1688
18 0 0 0.003 758.56
19 0 0.00175 292.2
20 225 0 0.00175 164.65
21 45 0.5 0.003 1251.3
22 225 0 0.0005 3.8817
23 22.5 1 0.00175 328.84
24 22.5 0.5 0.0005 5.9109
25 45 0.5 0.00175 259.07
26 0 0.5 0.0005 5.6518
27 45 0 0.0005 4.1371

Note: Buckling load for 100 experimental runs in appendix A.

15t Mode (1730.57 kN) 2% Mode (3168.7 kN) 319 Mode (4831.5 kN)

Fig. 7. Contour plot of modes 1-3 under high buckling loads.
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ANOVA-based RSM model evaluation results

Model significance

Table 6 presents the ANOVA results for the RSM models. The results show that the models were highly
significant, with very low p-values, where the highest recorded value was 0.0002. This finding aligns with
Khelifa et al. (2025) and Sibiya et al. (2022), who stated that factors with p-values below 0.05 are
considered statistically significant, indicating that the regression function effectively explains most
variations in the response variable. Table 7 presents the fit statistics for the RSM models, highlighting the
R?, Adjusted R?, and Predicted R? values, all of which were close to 1. According to Kumar et al. (2023),
such values demonstrate excellent model performance and strong predictive accuracy for both known and
unseen data. Additionally, the R? values being close to the Adjusted R? values confirm the overall
significance and stability of the model, consistent with Boukarma et al. (2023).

Table 6. ANOVA for statistical design models

Source Network Model

Sum of squares df Mean square F-value p-value
Model 7.973E+12 17 4.690E+11 3.856E+06 <0.0001
A-Angle of orientation 2.405E+08 1 2.405E+08 1976.91 <0.0001
B-Volume fraction 4.045E+10 1 4.045E+10 3.325E+05 <0.0001
C-Plate thickness 2.128E+12 1 2.128E+12 1.75E+07 <0.0001
AB 6.716E+08 1 6.716E+08 5521.32 <0.0001
AC 2.883E+09 1 2.883E+09 23700.18 <0.0001
BC 4.117E+11 1 4.117E+11 3.384E+06 <0.0001
B2 4.702E+06 1 4.702E+06 38.66 0.0002
c? 2.495E+11 1 2.495E+11 2.051E+06 <0.0001
ABC 7.295E+09 1 7.295E+09 59973.67 <0.0001
AB? 2.179E+08 1 2.179E+08 1791.06 <0.0001
AC? 3.473E+08 1 3.473E+08 2855.26 <0.0001
B2C 1.752E+08 1 1.752E+08 1439.98 <0.0001
BC? 4.420E+10 1 4.420E+10 3.634E+05 <0.0001
AB*C 2.347E+09 1 2.347E+09 19294.63 <0.0001
ABC? 8.216E+08 1 8.216E+08 6754.72 <0.0001
B2C? 3.463E+07 1 3.463E+07 284.68 <0.0001
AB*C? 2.628E+08 1 2.628E+08 2160.36 <0.0001
Residual 1.095E+06 9 1.216E+05
Cor total 7.973E+12 26

Table 7. Fit statistics for statistical design models

Model evaluation metrics

Network model

Standard deviation

Coefficient of variation (%)

Coefficient of determination (R?)
Adjusted R?
Predicted R?

Adequate precision

348.76
0.0726
1.0000
1.0000
1.0000
6064.4733
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Regression functions

Equation 4 presents the regression functions developed from the reduced fifth-order polynomial model.
The coefficients in these equations indicate how each factor—Angle of Orientation (A), Volume Fraction
(B), and Plate Thickness (C)—individually influences the buckling behaviour. Positive coefficients
represent a beneficial effect of the respective factor on the buckling load, while negative coefficients
indicate an adverse influence, as explained by Boukarma et al. (2023). Using these regression functions,
the predicted buckling loads for both RSM-27 and RSM-100 models can be calculated, allowing estimation
of the buckling response across the defined design space.

P.,. = 70745.09733 + 216.79484A + 76356.996B — 206933000C — 427.84836AB
— 635346AC — 227902000BC — 28827.07467B*
+ 145394000000C% + 1280070ABC + 879.87378AB?
+ 448854000AC? + 83608800B%C + 1691540000008 C?
—2627700AB%C — 957694000ABC? — 5706180000082 C?
+ 19562600004B2C?

)

Residuals

Fig 8 presents the normal plot of residuals and the residuals versus predicted plot for the RSM-27
model. Fig 8(a) shows that the residuals cluster closely along the fitted line, indicating that the residuals are
normally distributed, which confirms the adequacy of the model according to Feng et al. (2020). In Fig
8(b), the dashed lines represent the control limits (+4.16) for the externally studentised residuals. The data
points are well distributed within these limits, demonstrating that no significant outliers exist and that the
model exhibits consistent variance across the predicted values. These results verify that the regression
assumptions were satisfied and that the RSM-27 model provides a reliable fit to the data.
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Fig. 8. (a) Normal plot of residuals and (b) residuals vs predicted for RSM-27 model.
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Factor interaction and contour plots

Figs 9 to 14 present the three-dimensional surface contour plots illustrating the interactions between
the design factors for both RSM-27 and RSM-100 models. The plot is color-coded from blue (lower
buckling load) to red (higher buckling load). The three factors considered were the angle of orientation, A
(°), the volume fraction, B, and the plate thickness, C (m). The results indicate that plate thickness had the
strongest effect on the buckling load, as shown by the steep gradients along the thickness axis. Increasing
plate thickness significantly increased the buckling load, confirming its dominant role in enhancing stiffness
and improving structural stability. The angle of orientation exhibited a moderate influence compared with
thickness. The plots showed that laminates oriented near 45° tended to produce higher buckling loads,
consistent with the trends observed in the FEA results. The influence of volume fraction was also noticeable,
with higher graphite content increasing the buckling load, particularly at greater plate thicknesses. However,
the interaction between volume fraction and angle of orientation was weak, as indicated by relatively flat
contour patterns. Overall, the interaction plots confirmed that plate thickness, followed by graphite volume
fraction and fibre orientation, are the key factors influencing the buckling behaviour of hybrid composite
laminates.
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Fig. 9. Interaction between factor A and C in 3D contour plot for (a) RSM-27 and (b) RSM-100.
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Fig. 10. Interaction between factor A and C in contour plot for (a) RSM-27 and (b) RSM-100.
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Fig. 11. Interaction between factor B and C 3D contour plot for (a) RSM-27 and (b) RSM-100.
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Fig. 14. Interaction between factor A and B in contour plot for (a) RSM-27 and (b) RSM-100.

ANN models performance

For the ANN models, the dataset was divided into three subsets consisting of 70% for training, 15%
for validation, and 15% for testing. For the ANN-27 model, this split corresponded to 19 samples for
training, 4 for validation, and 4 for testing. For the ANN-100 model, 70 samples were used for training,
with 15 each for validation and testing. The training results are summarised in Table 8. The results show
that the ANN-100 model achieved higher correlation coefficients (R) during both validation and testing
phases compared with ANN-27, with R values closer to 1, indicating stronger predictive performance and
better generalisation. Additionally, the ANN-100 model produced a lower mean square error (MSE) than
ANN-27, demonstrating improved accuracy and stability. Overall, the results confirmed that increasing the
dataset size enhanced the ANN model’s learning capability, yielding more accurate and reliable buckling
load predictions.

Table 8. Training results for ANN models

ANN-27 ANN-100
Type
MSE R MSE R
Training 0.0000 1.0000 6.1386¢-6 0.99998
Validation 0.0032 0.9992 2.7637e-5 0.99985
Test 0.0038 0.99737 2.2763e-65 0.99987

Regression results

Fig 15 presents the regression plots showing the relationship between the predicted (output) and actual
(target) buckling loads for the datasets. The dotted line represents the ideal line where the output (Y) =
target for a perfect fit (T). The findings show an overall fit (All R-value) 0 0.99936 for the ANN-27 model
and 0.99994 for the ANN-100 model, indicating a very strong correlation between predicted and actual
values. Both models demonstrated excellent performance across all subsets, with data points tightly
clustered along the fit line, suggesting that the predictions were highly consistent with the actual targets, as
stated by Ertugrul et al. (2025). When comparing both models, the ANN-100 model exhibited a stronger
regression alignment across all subsets, showing minimal deviation from the fit line compared with ANN -
27.
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Network validation results

Fig 16 shows the performance plots of the ANN models, illustrating the MSE value across different
epochs for the training, validation, and testing datasets. The results indicate that the ANN-100 model
achieved a slightly lower MSE value for the validation best line (green dotted line) compared with the
ANN-27 model, demonstrating better overall accuracy and generalisation. The ANN-27 model reached its
minimum validation error at epoch 7, while the ANN-100 model at epoch 10. According to Roy et al.
(2021), a smaller number of epochs indicates a faster learning cycle. Although a higher epoch count reflects
more training iterations required to reach optimal performance due to data complexity, it does not
negatively affect model accuracy, as reported by Afaq & Rao (2020). Overall, both models performed well,
with ANN-100 showing improved stability and convergence efficiency compared with ANN-27.

Distribution of prediction error

Fig 17 shows the error histogram plots that categorise the error between the predicted and actual
buckling loads into 20 bins. The results indicate that the ANN-100 model exhibited a narrower error range,
with values between —0.008 and +0.01, compared with the ANN-27 model, which ranged from —0.01 to
+0.04. Although the ANN-27 model displayed a tighter error distribution across all datasets, the wider error
range reduced its overall prediction precision. In contrast, the ANN-100 model produced smaller errors and
demonstrated greater consistency and accuracy across all datasets. This finding aligns with Chakravarty et
al. (2020), who reported that when most prediction errors are concentrated near zero, and only a few outliers
are present, it indicates that the ANN model has effectively learned the data patterns. Overall, the results
confirm that both models performed well, with the ANN-100 model achieved higher predictive reliability
and generalisation performance than the ANN-27 model.
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Fig. 15. Regression plot for (a) ANN-27 and (b) ANN-100.
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Results comparison of predictive models

Table 9 compares the predicted buckling loads and percentage errors obtained from the RSM and ANN
models against the FEA results for the 27 experimental runs. The full comparison for all 100 experimental
runs with FEA results is presented in Appendix B. The data in Table 9 are further visualised in Fig 18,
which illustrates that both predictive models closely followed the same trend as the FEA results across most
experimental runs, demonstrating their reliability in capturing the overall buckling behaviour. Figs 19 and
20 present the ratio of the predicted buckling loads obtained from the RSM and ANN models to the
corresponding FEA results for all lamination combinations. The ratio represents the level of agreement
between the predictive and numerical results.

In Figs 19 and 20, both RSM-27 and RSM-100 models produced ratios very close to one (unity),
showing excellent consistency with the FEA predictions across all lamination combinations. The RSM-100
model demonstrated slightly better accuracy than RSM-27, reflecting the benefit of a larger dataset in
improving regression precision. These results confirm that the RSM approach provided stable and reliable

predictions of buckling loads within the studied design range.
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Fig 20 shows that the ANN models exhibited greater variation in the ratios compared with FEA results.
The ANN-100 model displayed improved alignment with FEA compared with ANN-27, although several
lamination combinations showed deviations, with ratios above 1.1 or below 0.9. This indicates that the
ANN predictions were more sensitive to data variation and model training quality. This behaviour occurs
because RSM relies on a fixed regression equation derived from the experimental design, making its
predictions less affected by small variations in the dataset, whereas ANN learns pattemns directly from the
data, so its performance strongly depends on the size, quality, and distribution of the training dataset (Jha
& Sit, 2021). Overall, the RSM models offered more consistent performance, while the ANN models
provided adaptable but data-dependent accuracy, improving notably with increased dataset size.

Table 9. Predicted buckling load from ANSYS, RSM and ANN models for 27 experimental runs

Response (kN) Error percentage (%)
ANE?;'( A) RS(I\};[;27 RSI(\/é—)l 00 AI\(II];I;27 ANE\IIE—)I 00 |A; Fo‘ (; A |A; ICO\ (; A |A; ?0\ (; A |A; F(l (; A
1381.97 1381.97 1381.97 1299.35 1395.73 0.0 0.0 6.0 1.0
3.63 3.63 3.63 3.63 4.55 0.0 0.0 0.0 255
248.72 248.31 248.31 248.71 252.86 0.2 0.2 0.0 1.7
1143.12 1143.12 1143.12 1161.70 1111.09 0.0 0.0 1.6 2.8
1556.27 1556.27 1556.27 1554.28 1566.72 0.0 0.0 0.1 0.7
365.59 365.59 365.59 362.71 372.90 0.0 0.0 0.8 2.0
864.26 864.26 864.26 843.55 862.20 0.0 0.0 24 0.2
1730.57 1730.57 1730.57 1730.80 1737.71 0.0 0.0 0.0 0.4
175.46 175.46 175.46 164.72 174.01 0.0 0.0 6.1 0.8
1197.07 1197.07 1197.07 1191.92 1199.18 0.0 0.0 0.4 0.2
811.38 811.38 811.38 809.53 811.77 0.0 0.0 0.2 0.1
7.03 7.03 7.03 7.08 6.98 0.0 0.0 0.7 0.7
237.14 237.35 237.35 236.45 239.90 0.1 0.1 0.3 1.2
7.92 7.92 7.92 7.25 7.86 0.0 0.0 8.3 0.7
153.88 153.88 153.88 153.20 154.37 0.0 0.0 0.4 0.3
8.80 8.80 8.80 8.64 10.72 0.0 0.0 1.8 21.8
6.17 6.17 6.17 6.39 8.21 0.0 0.0 3.6 332
758.49 758.49 758.49 757.71 755.12 0.0 0.0 0.1 0.5
292.18 292.18 292.18 292.06 304.33 0.0 0.0 0.0 42
164.67 164.67 164.67 164.77 180.32 0.0 0.0 0.1 9.5
1251.02 1251.02 1251.02 1269.30 1252.03 0.0 0.0 1.4 0.1
3.88 3.88 3.88 3.97 423 0.0 0.0 23 9.0
328.89 328.89 328.89 28291 338.35 0.0 0.0 14.0 2.9
591 591 591 6.39 7.65 0.0 0.0 8.1 29.4
259.07 259.28 259.28 233.00 262.53 0.1 0.1 10.1 1.3
5.65 5.65 5.65 6.39 6.98 0.0 0.0 13.1 235
4.14 4.14 4.14 4.15 5.16 0.0 0.0 0.2 24.7
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Fig. 18. Comparison of predicted buckling loads from ANSYS, RSM and ANN models.

RSM/FEA

1.2 7
1 Bl RSM-27/FEA
1 [0 RSM-100/FEA
1 . - - - - - - - - - - - - _— - —— . - - - - - - - - - -
0.8 1
0.6
0.4
0.2 1
0 - ml
/o/éb e /0/9\ /7\3‘ /, /\? /%‘/?/9\3 /7\2‘/00/9\3 /YJ‘ /0//9\3 /7\5‘ /00/9\3 /7\;‘/00/9\3 /SZy /0//9\3 “x,
0.\53‘0 %0 50 %y Jo.g ‘030 % 300 %y 3, Ty e (s {go BNt
‘o %5955 So S0 P, SR [ N, s [ 2 5,0 &)
5 *&:0_9-9 o /4)\))\&)\&:()-)9/4)\))\& 4 2 4

Lamination Combination

Fig. 19. Summary of predicted buckling loads from ANSYS and RSM models.
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Fig. 20. Summary of predicted buckling loads from ANSYS and ANN models.

Error prediction in comparison to past studies

Table 10 compares the maximum percentage prediction errors for RSM and ANN models from
previous studies with those obtained in the current work. The listed errors represent the highest deviation
between predicted and actual values reported in each study. In the present study, the RSM model recorded
a maximum error of 27.9%, while the ANN model showed 37.9%. These values fall within the ranges of
past studies, where RSM errors varied between 2.7% and 887.5% and ANN errors between 1.1% and 428%.
Although the current study’s error values are not the lowest among those reported, they remain well within
the acceptable range, confirming that both the RSM and ANN models demonstrated comparable prediction
accuracy to those developed in past studies.

Table 10. Maximum percentage error in modified RSM and ANN models on specific datasets from present and previous studies

Author RSM max error (%) ANN max error (%)  Observation / Note

Sadeghpour & Ozay (2025) 887.5 175 Highest errors in RSM among literature
Saaidia et al. (2023) 213.6 1.1 The lowest errors in ANN among literature
Golbaz et al. (2022) 147.3 137.5 Both models errors above 100%
Mahdevari & Hayati (2021) 140 - ANN not reported

Saada et al. (2023) 107.4 92.8 Both models errors above 90%

Cigeroglu et al. (2021) 83 428 The highest errors in ANN among literature
Bello et al. (2024) 60 - ANN not reported

Nwobi-Okoye et al. (2020) 50 58 Moderate performance for both models
Present Study 279 379 Within acceptable range based on literature
Wang et al. (2022) 12.7 40.8 ANN slightly less accurate

Ganapathy et al. (2021) 2.7 102 Lowest errors in RSM among literature
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T-test results for dataset consistency

A t-test was conducted using an online calculator to compare the mean outputs between the 27 and 100
datasets for each predictive model type, as shown in Table 11. The test was performed with a significance
level of 0.05 and a one-tailed hypothesis to assess whether one case consistently produced higher or lower
results than the other. The summary of the t-test results in Table 12 shows that none of the comparisons
reached statistical significance at the 0.05 level. This indicates that the models were robust to variations in
dataset size and maintained consistent prediction performance, as reported by Martinovi¢ et al. (2025).
Similar findings were presented by Rainio et al. (2024) in their study on lung infection and tumour detection
using datasets of 64 and 128 samples, which also showed no significant differences. Rajput et al. (2023)
further supported that dataset size does not strongly influence machine learning performance. Overall, the
results suggest that model accuracy depended more on the modelling approach and data treatment rather
than dataset size.

Table 11. Descriptive statistic

Group N Mean Sum of squares (SS) Variance (S?)
RSM-27 27 480.48 7973184.44 306660.94
RSM-100 100 524.77 21953041.49 221747.89
ANN-27 27 455.59 7685297.16 295588.35
ANN-100 100 522.94 21780906.36 220009.16

Table 12. Independent samples t-test summary

Group comparison t-value p-value Significant (p <0.05)?

RSM-27 and RSM-100 -0.41742 0.338544 No

ANN-27 and ANN-100 -0.63959 0.261803 No
CONCLUSION

Predicting the buckling load of hybrid composite laminates poses significant challenges due to the intricate
nonlinear interactions among material properties, geometric parameters, and loading conditions,
particularly when relying on limited datasets. This study effectively addressed these challenges by
integrating FEA with refined RSM and ANN models, employing dataset sizes of 27 and 100 experimental
runs to evaluate predictive accuracy. Through model refinements, such as modified fifth-order polynomial
regression in RSM and min-max data normalisation in ANN, the research demonstrated enhanced
prediction capabilities while minimising computational and experimental demands. This approach not only
validates the buckling behaviour of hybrid graphite/glass epoxy laminates under uniaxial compressive
loading but also highlights the potential for cost-effective modelling in composite design, reducing the
traditional reliance on extensive datasets or thousands of simulations/experiments.

The key findings are summarized as follows:

e  Mesh convergence analysis revealed stabilisation at a 16 x 16 mesh size, with a 20 x 20 mesh
selected for optimal balance between computational efficiency and accuracy, aligning with
prior studies that emphasize avoiding excessive refinement to prevent unnecessary increases
in simulation time.

e FEA model validation against CLPT and HSDT benchmarks yielded percentage errors
ranging from 0.001% to 0.23%, confirming the reliability of the ANSY S-based simulations in
capturing shear deformation effects and anisotropic material behaviour.
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e Computed buckling loads spanned from 3.627 kN to 1730.8 kN, with the highest values
observed at configurations of [45° 1, 3 mm] (angle, volume fraction, thickness) for full
graphite laminates and [45°, 0.5, 3 mm] for hybrid variants, underscoring the synergistic
effects of optimized fibre orientation, graphite volume fraction, and plate thickness.

e Plate thickness had the strongest effect on buckling, followed by graphite volume fraction,
while fibre orientation had moderate impact. The interaction between thickness and volume
fraction was most significant and resulted in increased stiffness and delayed buckling, whereas
orientation-volume fraction interactions were weak.

e RSM models (RSM-27 and RSM-100) exhibited superior consistency, with predicted-to-FEA
buckling load ratios closely approach unity, which indicates high fidelity, and demonstrated
robustness through high R? values (near 1), normal residual distributions, and significant
ANOVA results (p-values <0.0002).

e  Maximum prediction errors were 27.9% for RSM and 37.9% for ANN, falling well within the
ranges reported in literature (RSM: 2.7%—887.5%; ANN: 1.1%—-428%), affirming the models'
comparability to established benchmarks despite using smaller datasets.

e Independent samples t-test results indicated no statistically significant differences (p > 0.05)
in mean outputs between the 27- and 100-run datasets for both RSM and ANN, which suggests
that refined modelling techniques and data treatment (e.g., normalisation and term reduction)
are more critical to accuracy than dataset expansion alone. This thereby enables efficient
predictions with reduced resource requirements.

It can be concluded that refined RSM and ANN can achieve reliable buckling predictions for hybrid
laminates using modest datasets, potentially saving substantial time and costs in aerospace, automotive, and
marine applications where material hybridisation is pursued for performance-cost optimisation. The study
bridges existing research gaps in data normalisation for ANN and modified regression in RSM, particularly
for small-sample scenarios, and provides practical insights into factor interactions that can guide laminate
design. Future work could extend this framework to incorporate additional variables such as environmental
effects or dynamic loading, explore hybrid RSM-ANN integrations, or validate predictions through physical
experiments to further enhance model generalizability and real-world applicability.
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APPENDIX
A. Buckling load from ANSYS for 100 experimental runs
Run Angle of Orientation (°) Volume Fraction Plate Thickness (mm) FEA-ANSYS (kN)
1 45 1 3 1730.8
2 22.5 0.5 1.75 248.72
3 22.5 0.5 1.75 248.72
4 225 0.5 1.75 248.72
5 22.5 0.5 1.75 248.72
6 225 0.5 1.75 248.72
7 225 0.5 1.75 248.72
8 225 0.5 1.75 248.72
9 225 0.5 1.75 248.72
10 225 0.5 1.75 248.72
11 225 0.5 1.75 248.72
12 225 0.5 1.75 248.72
13 225 0.5 1.75 248.72
14 225 0.5 1.75 248.72
15 225 1 3 1555.8
16 45 0.875 3 1521.2
17 45 0.75 3 1391.9
18 0 1 3 1382.2
19 45 0.625 3 1301.9
20 45 0.5 3 1251.3
21 45 0.25 3 1250.5
22 45 0.375 3 1249.6
23 40.5 0.5 3 1248.1
24 36 0.5 3 1240.1
25 315 0.5 3 1228.1
26 27 0.5 3 1213
27 225 0.5 3 1196.5
28 18 0.5 3 1180
29 13.5 0.5 3 1165.2
30 9 0.5 3 11535
31 4.5 0.5 3 1146
32 0 0.5 3 1143.4
33 45 0.125 3 1006.1
34 45 0.5 2.75 973.52
35 40.5 0.5 2.75 971.13
36 36 0.5 2.75 964.99
37 315 0.5 2.75 955.65
38 27 0.5 2.75 943.99
39 225 0.5 2.75 931.15
40 18 0.5 2.75 918.35
41 13.5 0.5 2.75 906.85
42 9 0.5 2.75 897.74
43 4.5 0.5 2.75 891.9
44 0 0.5 2.75 889.89
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95 9 0.5 0.5 5.7011
96 4.5 0.5 0.5 5.6643
97 22.5 0.5 1.75 248.72
98 225 0.5 1.75 248.72
99 22.5 0.5 1.75 248.72
100 0 0 0.5 3.627

B. Predicted Buckling Load from ANSYS, RSM and ANN Models for 100 experimental runs

FEA-ANSYS Response (kN) Error Percentage (%)

(&) RSM-100 (B) ANN-100 (C) |JA—B|/Ax 100 [A—C|/Ax 100
1730.8 1730.57 1737.71 0.0 0.4
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
248.72 248.31 252.86 0.2 1.7
1555.8 1556.27 1566.72 0.0 0.7
1521.2 1601.99 1523.71 53 0.2
1391.9 1479.20 1393.48 6.3 0.1
1382.2 1381.97 1395.73 0.0 1.0
1301.9 1362.21 1306.26 4.6 0.3
1251.3 1251.02 1252.03 0.0 0.1
1250.5 1046.04 1248.57 16.4 0.2
1249.6 1145.63 1250.30 8.3 0.1
1248.1 1240.23 1246.67 0.6 0.1
1240.1 1229.44 1239.25 0.9 0.1
1228.1 1218.65 1228.19 0.8 0.0

1213 1207.86 1214.55 0.4 0.1
1196.5 1197.07 1199.18 0.0 0.2

1180 1186.28 1182.94 0.5 0.2
1165.2 1175.49 1166.01 0.9 0.1
1153.5 1164.70 1148.40 1.0 0.4

1146 1153.91 1130.26 0.7 1.4
1143.4 1143.12 1111.09 0.0 2.8
1006.1 952.25 1005.21 54 0.1
973.52 993.58 976.72 2.1 0.3
971.13 985.03 973.09 1.4 0.2
964.99 976.47 966.35 1.2 0.1
955.65 967.92 956.68 1.3 0.1
943.99 959.36 94545 1.6 0.2
931.15 950.81 933.88 2.1 0.3
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918.35
906.85
897.74
891.9
889.89
864.33
811.23
758.56
738.22
542.73
384.1
383.25
380.9
377.27
372.72
367.69
365.61
362.67
358.15
354.56
352.27
351.47
328.84
2922
259.07
248.72
237.14
175.47
164.65
164.12
153.89
95.456
95.259
94.688
93.798
92.675
91.432
90.189
89.069
88.181
87.611
87.415
49.077
20.772
8.7967
248.72
248.72
6.1688
6.1567
248.72
248.72
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942.26
933.70
925.15
916.59
908.04
864.26
811.38
758.49
765.69
567.34
398.53
395.14
391.74
388.35
384.95
381.56
365.59
378.16
374.76
37137
367.97
364.58
328.89
292.18
259.28
248.31
237.35
175.46
164.67
149.56
153.88
69.40
68.84
68.27
67.71
67.15
66.59
66.03
65.46
64.90
64.34
63.78
24831
24831
8.80
248.31
248.31
6.17
6.12
248.31
248.31
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92231
910.57
898.30
885.52
871.88
862.20
811.77
755.12
743.55
548.20
388.61
388.79
386.37
382.40
378.08
373.24
372.90
368.41
363.57
359.60
356.49
354.59
338.35
304.33
262.53
252.86
239.90
174.01
180.32
166.86
154.37
97.62
98.62
98.14
96.72
94.89
93.25
92.01
91.11
90.40
89.86
89.66
50.78
22.47
10.72
252.86
252.86
8.21
8.49
252.86
252.86

2.6
3.0
3.1
2.8
2.0
0.0
0.0
0.0
3.7
4.5
3.8
3.1
2.8
29
33
3.8
0.0
43
4.6
4.7
4.5
3.7
0.0
0.0
0.1
0.2
0.1
0.0
0.0
8.9
0.0
273
27.7
279
27.8
27.5
27.2
26.8
26.5
26.4
26.6
27.0
0.2
0.2
0.0
0.2
0.2
0.0
0.6
0.2
0.2

0.4
0.4
0.1
0.7
2.0
0.2
0.1
0.5
0.7
1.0
12
1.4
1.4
1.4
1.4
1.5
2.0
1.6
1.5
1.4
1.2
0.9
29
42
13
1.7
1.2
0.8
9.5
1.7
0.3
23
3.5
3.6
3.1
24
2.0
2.0
23
25
2.6
2.6
3.5
8.2
21.8
1.7
1.7
332
37.9
1.7
1.7
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5.9909
5.9109
5.8306
5.7584
5.7011
5.6643
248.72
248.72
248.72
3.627
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5.96
591
5.86
5.81
5.76
5.70
248.31
248.31
248.31
3.63

7.99
7.65
7.32
7.11
7.09
727
252.86
252.86
252.86
4.55

0.5
0.0
0.5
0.9
1.0
0.7
0.2
0.2
0.2
0.0

33.4
294
255
235
244
28.3
1.7
1.7
1.7
255
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